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Abstract: This main idea of this paper is to examine theoretically the current model of credit portfolio 
management. We employ the credit portfolio view to examine the default probability measurement. 
The development of this type of model is based on a theoretical basis developed by several researchers. 
The evolution of their default frequencies and the size of the loan portfolio are expressed as functions 
of macroeconomic and microeconomic conditions as well as unobservable credit risk factors, which 
explained by other factors. We developed three sections to explain the different characteristics of this 
model. The purpose of this model is to assess the default probability of credit portfolio.   
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1. Introduction 
The problem of evaluation of the failure probability of any borrower was the center 
of the bankers as soon as they began to lend some money. The quantitative modeling 
of the credit risk for a debtor is rather recent in fact. Besides, the modeling of the 
credit risk associated with instruments of a portfolio of credit such as, the loans, the 
pledges, the guarantees and the by-products (who constitute a recent concept). 
A certain number of models were developed, including at the same time the 
applications of property developed for the internal custom by the financial 
institutions, and the applications intended for the sale or for the distribution. 
(Hickman & Koyluoglu, 1999) 
The big financial institutions recognize his necessity, but there is a variety of 
approaches and rival methods. There are three types of models of credit portfolio in 
the course of use at present: (Crouhy et al., 2000) 
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 The structural models: there are two models of management of credit portfolio 
who are supplied in the literature: Moody's KMV model (Portfolio Model) and 
Credit Metrics model by JP Morgan; 
 The Macro-factors model (Econometric model): The Credit Portfolio View 
model introduces in 1998 by Mckinsey; 
 The actuarial models CSFP (Credit Suisse First Boston): this model 
(CreditRisk+) is developed in 1997. 
The main idea for this paper is to answer the question follows: How the default 
probability is defined by the credit portfolio models? 
Then, the organization of this paper is as follows. In section 2, we define the 
econometric models and we define the main characteristics of the model Credit 
Portfolio View. We provide the forecast of the default rate in section 3. The section 
4 is considered to present the conditional matrices of transition. We conclude in 
section 5. 
 
2. The Econometric Models (Credit Portfolio View of Mackinsey) 
Credit Portfolio View is a model with multiple factors which is used to feign the 
common conditional distribution of the default probability and migration for various 
groups of estimation and in different industries. (Crouhy et al., 2000) 
This model was developed by Wilson (1997) within McKinsey. The approach 
developed by this author bases itself on the hypothesis that the probability of defect 
and migration are connected to macroeconomic factors such as the level of the long-
term interest rate, the growth rate of the GDP, the global unemployment rate, the 
exchange rates, the public spending, the savings.  
Credit Portfolio View is based on the occasional observation which supposes that 
the default probability, as well as the probability of migration, is connected to 
economic cycles. When the economy is in situation of recession, then the cycles of 
credit are also lesser. If it is the opposite case (the economy is in situation of 
expansion) then the cycles of credit become stronger.  
In other words the cycles of credit follow the tendency of economic cycles. Because 
the state of the economy is widely driven by macroeconomic factors, Credit Portfolio 
View proposes a methodology to connect these macroeconomic factors to the 
probability of default and migration. 
Provided that the data are available, this methodology can be applied in every 
country, in the different sectors and in the diverse classes of borrowers of the obligors 
who react differently within the economic cycle.  
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The way that a model Credit Portfolio View works is as follows: (Smithson, 2003) 
 Simulate the state of the economy; 
 Adjust the rate of default to the state of the simulation of the economy; 
 Attribute a probability of default for every debtor on the basis of the simulations of 
the state of the economy; 
 The value of the individual transactions attributed to the debtors according to the 
probability of defect is determined on the basis of the simulations of the state of the 
economy; 
 Calculate the loss of the portfolio by adding the results for all the transactions; 
 Repeat all the stages quoted above certain number of times to map finally the 
distribution of the losses. 
In the model Credit Portfolio View of McKinsey, the historic rates of default for the 
various industries are described according to the macroeconomic variables specified 
by the user of the model:  
 ( , , , Probabillity of default f GDP  Unemployment Rate  Exchange Rate
In the approach McKinsey, the rates of defect are commanded by a sensibility in a 
sand of the factors of the systematic risk, or the specific factors to the company. The 
table below summarizes the main characteristics of the model of McKinsey: 
(Smithson, 2003) 
Table 1. The main characteristics of the model Credit Portfolio View 
Unit of analysis Segmentation towards industries and on countries. 
The data by default Empirical estimation of the rates of default according 
to the macroeconomic variables. (For example: the 
GDP, the unemployment rate) 
The structure of correlation Obtained from the correlations banding the chosen 
macroeconomic variables and the estimated factors of 
sensibility. 
The engine of the risk The adjustment of the ARMA model (Autoregressive 
Moving Average model) with the evolution of the 
macroeconomic factors. The shocks undergone by the 
system determine the standard deviation of the average 
of the rates of defect concerning the level of the 
segment. 
The distribution of the rates of 
defect 
Logistic (Normal distribution). 
The horizon The maturity of the marginal default rate year by year. 
Source: Smithson (2003)  
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3. The Forecast of the Default Rate  
In the Credit Portfolio View model, the probabilities of default are modeled as being 
a Logit function. In this modeling the independent variable is a specific speculative 
index in every country and which depends on macroeconomic variables. The Logit 
function allows that the values of probability of default are included between 0 and 
1. (Crouhy et al., 2000; Hamisultane, 2008) 
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Where, 𝑷𝒋,𝒕 indicate the conditional probability of default for period t for the debtors 
of the industry j and 𝒀𝒋,𝒕 represent an indication stemming from a model in m factors. 
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t of the industry or the country j. 𝜺𝒋,𝒕 represent a term of error which is normally 
distributed and independent of 𝒀𝒋,𝒕.  
The model of McKinsey so land us land us note, as it is a model of macro-factors 
𝑿𝒋,𝒕 who are represented by variable macroeconomic who follow a Autoregressive 
model of order 2 (AR2): 
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In this frame, our objective is to resolve the system below: 
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Where, ∑𝜺,𝝎 and ∑𝝎,𝜺 Represent the matrices of correlation. 
In case the parameters are estimated, then it is possible to feign the probability of 
default by basing itself on historical data. Credit Portfolio View uses tired matrices 
of transition of economic cycles. 
 
4. The Conditional Matrices of Transition 
By basing itself on the matrices of transition in the economic cycles which are 
proposed by the Credit Portfolio View, we can determine the situation of the 
economy. (Crouhy et al., 2000) Noting in this respect that, the matrices of transition 
in the Credit Portfolio View are different to those of the matrices of migration in the 
CreditMetrics. (Hamisultane, 2008)  
Credit Portfolio View proposes a tool based on the following ratio: 
,j tP
φSDP
 
Where, 𝑷𝒋,𝒕 represent the probability of default feigned for date t and for the sector 
j and 𝝋𝑺𝑫𝑷 represent the historic default probability which is based on observed 
data.  
If 
,
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j tP
φSDP
 then the economy is in period of recession and if 
,
1
j tP
φSDP
 then the 
economy is in period of expansion. 
Credit Portfolio View suggests employing this ratio to adjust the probability of 
migration. So, the matrix of transition multi-period is given by the following 
formula: 
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Where, M(.) can take two different values. So, M(.) = ML if 𝑷𝒋,𝒕
𝝋𝑺𝑫𝑷
> 1 and M(.) = 
MH if 
,
1
j tP
φSDP
 .  
Where, ML indicates the matrix of transition in the case of a period of recession and 
MH indicates the matrix of transition in the case of a period of expansion. 
We can simulate a lot of time the matrix of transition to determine the probability of 
default for any estimation and for any period. The methodology of Monte Carlo 
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Simulation can be used to determine the distribution of the default probability for 
any period. 
The forces and the weaknesses relative to the Credit Portfolio View model are 
presented in Table 2. 
Table 2. The forces and the weaknesses relative to the Credit Portfolio View model 
The forces The weaknesses 
 Credit portfolio View connects 
the probability of default and the 
matrices of transition with economic 
indicators. In other words, the 
probability of default is stronger in 
period of recession than in period of 
expansion. 
 In the Credit Portfolio View model, 
we use macroeconomic data which 
cannot be available for a country or a 
business sector. 
 This model determines only the 
probability of default of a country or a 
business sector and not an issuer. 
Source: Hamisultane (2008) 
 
5. Conclusion  
In this paper, we present a theoretical approach’s concerning the model of 
management of credit portfolio by the Credit Portfolio View model.  
The Credit Portfolio View model proposes a methodology which links 
macroeconomics factors to default and migration probabilities. The calibration of 
this model necessitates reliable default data for each country, and possibly for each 
industry sector within each country. 
The probability of failure depends in these models of macroeconomic factors such 
as unemployment, the rate of increase GDP, the interest rate long-term.  
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